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PART I DROUGHT MONITORING AND FORECASTING
PREFACE
Frequent drought events that occurred recently in different Mediterranean regions have highlighted a general inadequacy of the current strategies for mitigating drought impacts on the different socio-economic sectors related to water use. In particular, lack of effective drought monitoring and forecasting systems, difficulties in transferring advanced methodologies for drought risk assessment to water managers, as well as the complexity in defining simple and objective criteria to properly select and implement mitigation measures, represent the main limits for an appropriate drought management policy. Such limits arise from the difficulty to shift from a reactive approach in facing drought, to a pro-active one, based on planning in advance suitable measures, including long-term actions to reduce drought vulnerability and short-term actions to mitigate the most harmful impacts. These key issues have been tackled by universities and public agencies of four countries (Greece, Italy, Portugal and Spain) involved in the projects Sedemed (2003 Sedemed ( -2004 and Sedemed II (2004 -2006 , funded by the European Commission within the Programme Interreg IIIB -MEDOCC (Axis 4, Measure 4), coordinated by the Sicilian Regional Hydrographic Office (now Regional Agency for Waste and Water -Water Observatory). The main objectives of the projects included the definition of an integrated network for real time monitoring of drought processes, the development of a common framework of methodologies for drought analysis and forecasting, as well as the definition of appropriate mitigation strategies, to be shared among the Mediterranean countries.
Methods and Tools for Drought Analysis and Management is the result of the investigations carried out by a group of researchers and experts in the fields of hydro-meteorologic monitoring and water supply systems analysis and management. During the Sedemed projects they have had the opportunity to exchange their findings and points of view through several coordination meetings and workshops. Thus, the book reflects the skills and experiences of people from different organizations with different missions, but it is also the outcome of the interactions among the partners working in a common project.
In preparing the book a specific focus has been given to the methods and tools for collecting and processing hydrometeorological data for drought monitoring and xv xvi PREFACE forecasting that can be considered valid both from a scientific and practical point of view and on the modelling tools to improve water resources management under shortage conditions due to drought.
The book consists of 19 chapters divided in five parts. In the first part, methods and tools for drought monitoring and forecasting are presented, with special reference to the SPI index, analysed at different spatial scales. The second part is devoted to drought identification and characterization through the application of new or modified agro-meteorological indices and by remote sensing techniques. The third part refers to water resources management under drought conditions based on Decision Support Systems (DSS), including simulation and optimization models, also considering water quality aspects. The fourth part illustrates methods and tools for monitoring groundwater on the basis of hydrogeological and hydrodynamic characteristics of aquifers, with particular reference to degradation conditions associated to a reduction of precipitation input and sea-water intrusion. Finally, the fifth part presents guidelines and general criteria to select and implement drought mitigation measures, with special reference to the agricultural sector and to the urban areas.
We would like to thank all the contributors for the valuable work carried out during the development of the projects and for the further effort made in the preparation of the manuscript. Particular gratitude is expressed to Eng. Giuseppe Geraci for his encouragement to the initiative of a larger dissemination of Sedemed results, to Prof. Antonino Cancelliere for his precious scientific support in the review process and to Engs. Maria Teresa Noto and Guido Sciuto for the help in editing this book.
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The editors INTRODUCTION Drought is a normal, recurrent feature of climate. It occurs in all climatic zones, but its characteristics vary significantly from region to region. It differs from aridity that is restricted to low rainfall regions and is a permanent feature of climate. Defining drought is therefore difficult (Redmond, 2002) . The Glossary of Meteorology (1959) defines a drought as "a period of abnormally dry weather sufficiently prolonged for the lack of water to cause serious hydrological imbalance in the affected area. Drought is a relative term, therefore any discussion in terms of precipitation deficit must refer to the particular precipitation-related activity that is under discussion". This means that whatever the definition, drought cannot be viewed solely as a physical phenomenon but it should be considered in relation to its impacts on society. The American Meteorological Society (1997) groups drought definitions and types into four categories: meteorological, agricultural, hydrological and socioeconomic. Meteorological drought is usually an expression of precipitation departure from normal conditions over a period of time, while agricultural drought occurs when there is not enough soil moisture to meet the needs of a particular crop at a particular time. This kind of drought happens after a meteorological one, this is because agriculture is usually the first economic sector to be affected by a drought. Hydrological drought refers to deficiencies in surface and subsurface water supplies due to precipitation reduction over an extended period of time. Finally, socioeconomic drought associates the supply and demand of some economic good with elements of meteorological, agricultural and hydrological drought. It occurs when water shortage starts to affect people and the water demand exceeds supply. On the other hand, drought produces several impacts that affect many sectors of the economy. This is because water is integral to our ability to produce goods and provide services. The impacts of drought are usually categorized as economic, environmental and social. An objective evaluation of drought condition in a particular area is the first step for planning water resources in order to prevent and mitigate the negative impacts of future occurrences. For this purpose, along the years, several indexes have been developed to evaluate the water supply deficit in relation to the time duration of precipitation shortage (see Keyantash and Dracup, 2002, Heim, 2002 and references therein). Among them we mention the Percent of Normal, the Standardized Precipitation Index (SPI), the Palmer Drought Severity Index (PDSI), Deciles and the Crop Moisture Index (CMI). Usually these indexes are based on precipitation amount and measure the deviation of actual precipitation from a historically established norm. Some of them, instead, take into account also other climatological variables such as temperature, evapotranspiration or soil moisture. However, if we wish to compare drought conditions of different areas, which often have different hydrological balances, the most important characteristic of an index is its standardization. For this purpose, the SPI seems to be the most powerful index. It is a standardized index and can be computed on different time scales, so as to allow to monitor all the aforementioned kind of drought.
However, the reliability of drought analyses carried out by applying these indexes strongly depends on the quality of the primary data. In particular, in assessing dry (wet) periods, it is highly desirable to have at hand a data set that: (i) is easy to access, (ii) uniformly covers the globe, (iii) has a time-duration sufficiently long to be trustworthy in a statistical sense and (iv) is optimal in the sense of capturing consistently dry and wet events. Most of the available records may meet one or more of these requirements, but hardly they meet all of them (especially the first). Thus, in meteorological studies it has become a popular practise to disregard raw observations in favour of "analysed data", i.e. a set of observations which have been processed through several quality checks, including the ones of their consistency with atmospheric models of great complexity. In meteorology, the analysed fields are the result of complex interactions between available observations and model results. The final products of this procedure are uniformly gridded fields on a global scale of wind, temperature, specific humidity and mass that are released for further applications. In the latest decade or so, two of such re-analyses became easily available: one produced by the National Centers for Environmental Prediction/National Center for Atmospheric Research (NCEP/NCAR) and the other one by the European Centre for Medium-Range Weather Forecasts (ECMWF), the ERA-40 (see Kalnay et al., 1996, Simmons and Gibson, 2000) . In principle, these data satisfy the criteria above described and, therefore, they may be used to assess dry (wet) periods over the globe for approximately the last fifty years. A comprehensive check of such re-analyses and their reliability against observations is not yet available, especially when the purpose is the evaluation of the long-term aspects of climatic features, such as dry periods. Notice that this has a great deal of relevance for predicting the future behaviour of drought episodes. In the present chapter, an intercomparison between the performances of the two reanalyses in capturing the trend unveiled in some regions using observations (such as Sicily and China, Bonaccorso et al., 2003; Bordi et al., 2004 ) is presented, pointing out the positive outcomes and the negative ones.
Besides the limitations of the data, in recent years drought monitoring has been greatly improved: several indexes have been tested and also a synthesis of multiple indexes is operationally used by the most famous Drought Monitoring Centres in the world (as an example, see the URL http://www.drought.unl.edu/dm). Predicting future dry events remains, instead, a complex task, because of the random character of precipitation field, which is the basic variable commonly used for drought assessment. On the other hand, forecasting future dry events in a region is very important for finding sustainable solutions to water management and risk assessment of drought occurrences. A technique, commonly used in Statistics for predicting the future behavior of a given time series is the Auto Regressive model (AR, Coles, 2001) . So that, if a long time series of precipitation is at hand, we may use AR model to estimate its future behavior. It is intuitive, however, that an AR method would extract the seasonal cycle of precipitation as the leading prediction. This forecast may have little part in predicting drought, since the latter depends strongly on the departure from the seasonal behavior of precipitation. An alternative approach, here proposed, may be the estimation of the probability function of monthly precipitation for forecasting (for a fixed probability) future precipitation values and, therefore, the corresponding drought index, such as for example the SPI.
Furthermore, for assessing risk of highly unusual events, such as extreme droughts, extreme value statistics need to be applied. The analysis of extremes is concerned with probabilistic and statistical questions related to very low/high values in sequences of random variables. It is usually based on the estimation of extreme event return times. The return time or return period of an event can be defined as the average number of observations to be made to obtain one observation equalling or exceeding its magnitude. Usually, two methods are applied to sample the original data: Annual Maximum (AM) and Partial Duration (PD) series, also known as Peaks Over Threshold series (Beguería, 2005) . In the present chapter we apply these two methods for assessing the return times of dry/wet periods in a given area. Then, we analyse the SPI extremes for Sicily (which can be considered representative of the climatic condition characterizing the Mediterranean basin), illustrating how the index better describes dry/wet spells than precipitation does.
On these grounds, it is clear that an approach based on the assessment of drought risk needs all the available information derived from the analyses above. For this purpose a drought bulletin, where all the results are collected, seems to be a useful tool since it can provide the basic information for helping water resources managers in planning preventing and mitigation actions. In the present chapter we show a prototype drought bulletin for the Western Mediterranean area (hereafter MEDOCC area) where all the analyses carried out for the large scale are shown and updated every month.
The chapter is organized as follows. In Section 2 applications of some drought indexes are shown for the MEDOCC area and in Section 3 an analysis of climatic variability is shown using different re-analysis data. Section 4 is focused on the comparison between the results obtained from the AR and a new forecast method. In Section 5 the extreme values analysis of SPI time series for Sicily is described, while in Section 6 the drought bulletin is presented. In the final section, conclusions and suggestions for future investigations are discussed.
MONITORING DROUGHT
As mentioned in the Introduction, there are several indexes that measure how much precipitation for a given period of time has deviated from historically established norms. In the following paragraph we show some applications for the MEDOCC area using the NCEP/NACR re-analysis dataset.
Data and Methods
The input data needed for the computation of drought indexes are monthly precipitation and temperature fields that have been retrieved from the NCEP/NCAR re-analysis data set for the period spanning from January 1948 to June 2006. These fields are 1 9 × 1 9 or 2 5 × 2 5 grid spacing in longitude and latitude gridded precipitation rates or temperature respectively. They have been derived from the primary meteorological fields by means of a re-analysis procedure. Details about the assimilation model and the re-analysis project can be found in Kalnay et al. (1996) . We use NCEP/NCAR re-analysis both for its time extension, which allows a largescale assessment of drought, and because the data are easily accessible through the net. Among the indexes available in the international literature, the most commonly used for drought monitoring are the Percent of Normal, the SPI and the PDSI. The index Percent of Normal is computed by dividing actual precipitation by normal precipitation, typically considered to be a 30-year mean, and multiplying by 100%. This can be computed for a variety of time scales. Usually these time scales range from a single month to a group of months representing a particular season, to an annual or water year. Normal precipitation for a specific location is considered to be 100%. One of the disadvantages of using the percent of normal precipitation is that the mean, or average, precipitation is often not the same as the median precipitation, which is the value exceeded by 50% of the precipitation occurrences in a long-term climate record. The reason for this is that precipitation on monthly or seasonal scales does not have a normal distribution. This is a great limitation when we wish to compare climatic conditions of different areas. This shortcoming has been overcame by the SPI because it is standardized. The SPI has been introduced by McKee (1993) and is based on precipitation field alone. It was designed to quantify the precipitation deficit for multiple time scales, which reflect the impact of drought on the availability of the different water resources. For example, groundwater, streamflow and reservoir storage reflect the longerterm precipitation anomalies. The index computation for any location is based on the long-term precipitation record cumulated over the selected time scale. This long-term record is fitted to a probability distribution (usually a Gamma distribution, Guttman, 1999), which is then transformed through an equal-probability transformation into a normal distribution. Positive SPI values indicate greater than median precipitation, and negative values indicate less than median precipitation (Bordi and Sutera, 2001) . Being the SPI normalized, wetter and drier climates can be represented in the same way, and wet periods can also be monitored using the SPI.
Before the introduction of the SPI, which has several positive characteristics, the PDSI was widely applied for drought monitoring purposes. The index was introduced by Palmer (1965) and it is based on the supply-and-demand concept of the water balance equation for a two-layer soil model. Initially, several local coefficients are calculated which define local hydrological norms related to temperature and precipitation averaged over some calibration period (at least 30-yr period, according to the World Meteorological Organization recommendation). The basis of the index is the difference between the amount of precipitation required to retain a normal water balance level and the actual precipitation. The calculation of the coefficients above depends heavily on the soil water capacity of the underlying layer (i.e. AWC, Available Water Capacity). We have computed the PDSI for the Mediterranean region setting the AWC to the mean value of 150 mm (Bordi and Sutera, 2001).
Applications
In this subsection maps of Percent of Normal, SPI and PDSI for the MEDOCC area are shown (see Figure 1 regions are affected by dry events. Finally, the PDSI shows a climatic condition very close to that derived by the computation of the SPI on 24-month time scale.
DROUGHT AND LONG-TERM CLIMATIC VARIABILITY
The long-term aspects of drought over the globe during the last decades have been evaluated by computing the Standardized Precipitation Index on 24-month time scale using the NCEP/NCAR and ERA-40 data sets. The SPI, in fact, seems to be a useful tool for monitoring dry and wet periods on multiple time scales and comparing climatic conditions of areas governed by different hydrological regimes. To reveal possible discrepancies between the analyses carried out with the two data sets, we studied the leading space-time variability of drought by applying the Principal Component Analysis (PCA) to the SPI time series.
Data and Methods
The two data sets used, the NCEP/NCAR and the ERA-40, have different spatial resolutions and different assimilation schemes have been applied in their re-analysis procedures. The ERA-40 precipitation data are available at 2 5 × 2 5 regular latitude/longitude grid, while, as mentioned before, those from the NCEP/NCAR have 1 9 × 1 9 horizontal resolution. The ECMWF data are provided every six hours and it is possible to download total precipitation or its different components (i.e. convective and stratiform precipitation), while daily or monthly precipitation rates are available for the NCEP/NCAR data set. The NCEP/NCAR re-analysis, which is available back to 1948, comprises different data sources such as observations from land stations and ships, upper air rawinsondes, satellite and numerical weather forecasts, which are assimilated in an AGCM (Atmospheric Global Circulation Model) and re-analysed by means of a "frozen" state of an AGCM (for more information see Kalnay et al., 1996 The leading time and spatial variability of drought has been investigated by applying the Principal Component Analysis to the SPI on 24-month time scale (SPI-24). The PCA is a classical statistical method widely used in data analysis, for identifying patterns and compression, reducing the number of dimensions. The method consists in computing the covariance matrix of the data with the corresponding eigenvalues and eigenvectors (see for details Rencher, 1998 , Peixoto and Oort, 1992 , Bordi et al., 2006 . In guiding a proper interpretation of the results shown in the next subsection, we remark that the spatial patterns (eigenvectors), properly normalised (divided by their Euclidean norm and multiplied by the square root of the corresponding eigenvalues), are called "loadings"; they represent the correlation between the original data (in our case, the SPI-24 time series at single grid points) and the corresponding principal component time series.
Results
Let us consider, as shown in Figure 2a and b, the first loadings obtained by decomposing the total variance of the SPI-24 by means of a PCA for both ERA-40 and NCEP/NCAR data. They explain respectively 28.2% and 18.2% of the total variance. The associated principal component scores are shown in Figure 2c . The It can be noted that the two re-analyses reveal a common linear trend in the first principal component of the SPI-24 field, which explains more than 80% of the total variation of the signal. The presence of this long-term trend means that, looking Figure 2a and b, the red (blue) areas have been switched from prevalent wet (dry) conditions to prevalent dry (wet) conditions. In particular, the first loading for ERA-40 has positive correlation with the corresponding score greater than 0.5 in about 5.4% of the total grid points and negative correlation less than −0 5 in about 44.9% of points. For NCEP/NCAR the percentage of grid points showing values greater than 0.5 is about 15.0%, while that with values less than −0 5 is about 13.5%. This means that in most of grid points the SPI-24 time series for ERA-40 have a high anti-correlation with the PC score shown in Figure 2c ; such behaviour is not confirmed by the NCEP/NCAR data set. On the other hand, the integrals in spherical coordinates of the first loadings provide values of −0 16 for ERA-40 and 0.03 for NCEP/NCAR, denoting the presence of a weak "global" trend towards wet conditions for the ECMWF re-analysis and the absence of a "global" linear trend for the other data set, i.e. the areas in the world characterised by positive/negative trends balance themselves.
In illustrating more quantitatively the differences we first interpolate the two loadings on a common grid of 1 × 1 degree and then compute their difference (NCEP minus ERA-40, see Figure 2d ). It can be seen that the two loadings have a good agreement (absolute differences less than 0.5) in about 65.3% of points. Thus, we may conclude that in the last forty years or so, a linear trend in the SPI-24 is detected by the two independent data sets, although the locations where this trend should be observed most likely remain not uniquely identified by the two re-analyses.
To be sure that these differences are not due to the coarse spatial resolution of the ERA-40 precipitation field, we employed the 'kriging' technique (Cressie, 1991) to this data set and repeated the analysis (i.e., we compute the SPI-24 and apply the PCA). The analysis (here not shown) provides results in agreement with those obtained by using the original precipitation data, suggesting that the origin of the detected differences cannot be uniquely attributed to the spatial resolution.
In Figure 3a -c the first loading patterns and scores of the SPI-24 computed for the European area using ERA-40 and NCEP/NCAR precipitation data are shown. They explain, respectively, 22.9% and 21.7% of the total variance. Both PC scores are characterised by a linear trend superimposed to short-term fluctuations, which provide a low degree of co-variability between the two signals. The correlation coefficient of the two PC scores is, in fact, 0.53. The trend statistics suggests that the linear fits explain different percentages of the scores variability (ERA-40 about 33% and NCEP about 72%) even if the NCEP/NCAR trend is within the error band of that for ERA-40. On the other hand, the leading spatial pattern for ERA-40, shows positive correlation between the SPI-24 time series and the corresponding score in the Balkans, Italy, central Europe and Spain, and negative correlations elsewhere. The first loading for NCEP/NCAR, instead, reaches maximum values in North Africa, central Spain, north-eastern Europe, part of Italy, Balkans, Greece and Middle East. For ERA-40 the first loading has no grid points with values greater than 0.5, while about 39% of grid points have values less than -0.5. The NCEP/NCAR loading, instead, has positive values greater than 0.5 in about 37% of points, while values less than -0.5 in only 2% of points. This means that the loading for ERA-40 shows prevalent negative correlations between the SPI-24 time series and the corresponding PC score, with opposite occurrences in the case of NCEP/NCAR. Although the spatial patterns seem to preserve the main features shown by the global scale analysis, some discrepancies are now more noticeable.
From a comparison of the loadings (see Figure 3d ) no discernable pattern may be recognised, since the two maps differ virtually everywhere. The two loadings, in fact, have a good agreement (absolute differences less than 0.5) only in about 22% of the points, and in the remaining points the loading differences are strictly positive and greater than 0.5.
To shed light on these discrepancies we directly compare the index time series, instead of loadings and scores, and proceed as follows. We consider a location over Europe where a remarkable difference between the first loadings have been detected, i.e. where the SPI-24 time series for ERA-40 has a negative correlation with the PC-1 (i.e. the trend), while the index time series for NCEP/NCAR has positive correlation with the corresponding score. For instance, let us consider the ERA-40 grid point at 50 0 N-25 0 E and the nearest four points in the NCEP/NCAR grid (say 50 53 N-24 38 E, 50 53 N-26 25 E, 48 63 N-24 38 E, 48 63 N-26 25 E) . Next, we compute the SPI-24 time series averaged over the latter points. The time behaviours of these SPI series are shown in Figure 4 .
The signals have a correlation coefficient of about 0.1, justifying the lack of correlation when the first principal component is considered. It must be noted, however, that, up to the seventies, the two re-analyses show a remarkable different SPI behaviour, while in the remaining part of the record the two series seems to be more alike. Thus, we suspect that the low correlation between the two SPI time series is mainly related to the differences occurring at the beginning of the record, which are crucial in determining the first principal component linear trend. Since in this early decade the data considered had a lower resolution (satellite data were virtually absent), we may suggest that the observed difference may be attributed to the two assimilating models. We feel that a careful comparison with the SPI computed using rain gauge observations would be useful to clarify the nature of the problem.
In summary, results suggest that on the global scale, the two re-analyses agree in their first principal component score, but not in the associated loading: both re-analyses capture a linear trend, though the areas where this feature should be most likely observed are not uniquely identified by the two data sets. Moreover, while the ERA-40 reveals the presence of a weak net "global" trend towards wet conditions, the NCEP/NCAR re-analysis suggests that the areas in the world characterised by positive/negative trends balance to zero. For the European sector the two re-analyses show remarkable differences both in the first loading and in representing the timing of the wet and dry periods. Also for these areas a linear trend, superposed on other short-term fluctuations, is detectable in the first principal component of the SPI field.
FORECASTING DROUGHT
Assuming that the SPI describes all the facets of a dry condition, it may be possible to exploit long time series of this index to forecast future occurrences of drought. However, there are at least two main hindrances that do not allow a readily solution to the forecast by standard time series methods (Box and Jenkins, 1970) : i) Precipitation is usually not correlated on the time scale on which drought manifests itself; ii) The time correlations found in the SPI on long time scales are simply an effect of cumulating precipitation on the selected time scale, unless SPI's multiyear periodicities are revealed. Thus, the application of forecast methods to SPI time series appears to be a wrong approach from the out start. We must consider precipitation and exploit the knowledge acquired by sampling it for a long time.
Data and Methods
To evaluate the ability in predicting future values of the SPI, we use monthly precipitation time series from 36 stations in Sicily covering the period 1926-2000. The stations have been extracted from a larger set according to Alecci et al. (2000) criterions, which are mainly the record length, data quality and homogeneous spatial distribution. For illustrative purposes, we decided to consider the monthly precipitation averaged over the 36 stations, neglecting local variations since they add very little to the understanding of the problem. In computing the SPI on 1-month time scale (this is to avoid any spurious correlations) we employ the algorithm presented in Bordi and Sutera (2001) .
To forecast the SPI-1 values we use two different approaches: the Auto Regressive (AR) and the GAmma Highest Probability (GAHP) method. A common approach for modelling multivariate time series is the autoregressive model of order p (AR(p) model):
where x t is the m-dimensional state vector that have been observed at equally spaced instants t. The matrices A 1 A p ∈ m×m are the coefficient matrices of the AR model and the m-dimensional vector t = noise C are uncorrelated random vectors with mean zero and covariance matrix C ∈ m×m . The m-dimensional vector w is a vector of intercept terms, which allows for an eventually nonzero mean of the time series. First, the approach needs the estimation of the following parameters: the order p of the AR model, the intercept vector w, the coefficient matrices A 1 A p and the noise covariance matrix C. For the selection of these parameters, the stepwise least squares algorithm is usually implemented (Neumaier and Schneider, 2001 ).
Thus, we start our analysis by computing the SPI on 1-month time scale (see figure 5a), trying to forecast its future values. However, it must be noted that the SPI-1 time series cannot be predicted using AR method because, as expected, it has a white noise power spectrum as clearly shown in Figure 5b .
The inability of the AR method to forecast any future value of the SPI-1 could be overcome by applying the AR method to precipitation time series. Using AR method to evaluate future values of precipitation we find, however, more implications. The AR method gives, in fact, a regression of 12th or 13th order. Comparing the weights of the coefficients, it is possible to note as the first, the eleventh, the twelfth and the thirteenth are the highest ones. The AR method finds correlation in two main components: the seasonal cycle, mixing among the 11th, 12th and the 13th coefficients, and a simple regression with the previous event (the first coefficient), typical of the linear AR method. This result is clearly illustrated in Figure 6 where the precipitation time series (6a) and the associated power spectrum (6b) are shown. The power spectrum has a peak corresponding to the annual component, though mixed with the nearest frequencies. It follows that AR is just extracting the seasonal cycle, thus preventing to have a good knowledge of large deviations from it. Recalling that the latter ones lead to extreme conditions, it appears that the skill of this method should be low, especially for extremely dry (or wet) occurrences.
In avoiding these shortcomings, we propose a method that we denote as GAHP (GAmma Highest Probability) method. This approach forecasts the precipitation for a future month as the most probable value described by the probability density distribution of the precipitation for that month. Thus, the method needs the estimation of the parameters of the Gamma distribution function that best fits the frequency histogram of the observed precipitation for a given month of the year. Then, the precipitation predicted for the next month is the mode of the fitted distribution. This approach is based on three hypotheses: 1. Two consecutive precipitation events are not correlated; 2. The relation between precipitation values are only related to the seasonality; 3. Future events will be the most probable ones. The first two assumptions are both related to the phenomenology of the precipitation for a particular month in the Mediterranean regions (see Bordi et al., 2005) . The third has an empirical nature and may be easily substituted by other location measures of a given distribution.
Results
In this section we compare the forecast obtained with the AR and the GAHP methods. The procedure used to perform the forecast of the SPI-1 for the next year can be summarized as follows:
• Extraction of a subset from the entire precipitation dataset (for example, from January 1926 to December 1999); • Computation of the 12 predicted values for monthly precipitation (one year) with the two methods; • Evaluation of the SPI-1 with the new precipitation time series;
• Comparison between the predicted SPI-1 and the one obtained with the entire observed precipitation time series 1926-2000. To estimate the goodness of the prediction we use the mean squared prediction error (MSE) given by:
where SPI o is the observed value, SPI F is the forecast value and i indicates the month of the year. In order to have a larger statistics and to better validate our claimed skill, we apply the two methods to different time segments of precipitation time series and compute the mean MSE of the resulting SPI-1. Thus, we form a set of 75 random permutations of the precipitation data that preserve the right sequence of the 12 precipitation values registered in a year, i.e. the seasonal variability. For each permutation we evaluate the coefficients of the AR method and we compute the forecast for the last year. It must be noted that for our method it is not necessary to do any permutation because the estimation of the most probable value does not depend on the sequence of the value registered in a certain month. In this case, to obtain a test statistically significant we evaluate the MSE of the SPI-1 taking the squared difference between the predicted value of the index for a particular month and all the values for that month in the previous years.
Results are shown in Figure 7 . In this case the GAHP method gives consistently better results than the AR method, especially for spring and summer. In fall and Figure 7 . MSE of the SPI-1 computed forecasting precipitation with the AR (black bars) and GAHP method (white bars) averaged over the 75 realizations
